This paper discusses some methodological aspects for the production of susceptibility maps of slope instability developed within the CARG Project (Geological Cartography of Italy at 1:50,000 scale). It describes an example of a susceptibility map in the presence of low susceptibility, using database having zero or negligible cost, with the aim to test some methodologies that can be easily reproducible to get a first estimate of the landslide susceptibility on a wide area. Two statistical approaches have been applied: the non-parametric conditional analysis and the logistic analysis for rare events. The predictive ability obtained from the two methodologies, was evaluated by the success-prediction curves for the conditional analysis, and by the Receiver Operating Characteristic curve (ROC), for the logistic model. The landslide susceptibility maps have been classified into four classes using both the Natural Breaks algorithm and the method proposed by Chung and Fabbri (2003) . The paper considers the influence of these two classification methods on the quality of final results.
Introduction
The assessment of landslide susceptibility of an area can be addressed through determi-nistic methods, which take into account the physical and mechanical relationships between the known a priori geological features, or through statistic methods that identify which key factors are associated with landslide event. In general, the former are based on the safety factor for a given infinite slope model [1] , while the latter make use of logistic regression [2] [3] [4] , discriminant analysis [5] [6] and more recent neural networks approach [7] [8] [9] [10].
This study was developed within the CARG Project (Geological Cartography of Italy at 1:50,000 scale) of ISPRA (Institute for Environmental Protection and Research), aimed at carrying out geological and geothematic maps from geological data collected at 1:25,000 scale (in some cases at 1:10,000 scale) [11] . The project is realized by the Local Government Agencies (Regioni and Province Autonome), Universities and Research Institutions in Italy.
In this context, ISPRA has ongoing the "landslide susceptibility maps for slope instability at 1:50,000 scale in the Antrodoco area" Project, to test and evaluate different methods useful for the redaction of guidelines [12] [13] .
The landslide susceptibility is defined as the likelihood of a landslide occurring in an area on the basis of local terrain conditions [14] . It is the degree to which a terrain can be affected by slope movements. Landslide susceptibility does not include a time frame or frequency of landsliding. It should consider all landsliding which can affect the study area and it includes landslides which are above the study area but may travel onto it, and landslides below the study area which may retrogressively fail up-slope into it [15] .
The Antrodoco data were analyzed using two different statistical models: the nonparametric conditional analysis and the logistic analysis for rare events. These methods are easy to apply and do not need costly investigation for data collection. The disadvantages are a probabilistic prediction with a degree of uncertainty; this evaluation cannot be used for the planning of mitigation actions.
In addition, the susceptibility maps have been classified into four classes by the Jenks and Caspall (1971) method (JC) [16] and by the Chung and Fabbri (2003) method (CF) [17] . The influences of these two classification methods on the quality of results have been evaluated.
Study Area: Geographical and Geological Aspects
The study area is located in the central Apennines and it extends for 650 km 2 lines. Moreover, some smaller low-flat areas are occupied by Quaternary continental deposits [18] [19] . The first unit (Mts. Sibillini Unit-UMS) in the western part of the sheet, consists of trending meridian ridges with accentuated morphology and altitudes exceeding 2000 m a.s.l. The stratigraphic succession starts with carbonate platform deposits evolving to escarpment/basin ones and it includes all the terms known from the Calcare Massiccio of lower Jurassic up to the Cerrogna marls of Miocene. The second area (Mt. Nuria Unit-UMN) in the southern sector of the sheet, is characterized by ridges descending from S and W to the N and to E, towards the Velino Valley. The third area (Mt. Giano-Mt. Gabbia Unit-UMG) in the southern and central part, is characterized by Apennine rending ridges. The fourth area (Gran Sasso-Cittareale Unit-UGS), central-eastern and centralnorthern part of the sheet, passes toward NE to the Acquasanta-Montagna dei Fiori Unit without particular tectonic disruptions. The area is characterized by a long ridge developed with an Apennine trend; it represents the western most part of the Gran Sasso-Mt. S. Franco chain. The succession is characterized initially by carbonate platform sediments (Calcare Massiccio) and successively by slope/basin deposits as in the Monti Sibillini Unit. The fifth area (Acquasanta-Mt. dei Fiori Unit-UAF), north eastern part of the sheet, is geologically the direct prosecution of the Gran Sasso-Cittareale Unit. Within this unit the terrigenous Tortonian-Messinian lithotypes outcrop (upper part of marne con Cerrogna, marne a Pteropodi and flysch della Laga). These deposits represent the foredeep evolution of the slope-basin succession of the Gran Sasso-Cittareale Unit.
Definition of Variables
Most of the considered explanatory variables are part of the public Italian databases, characterized by an easy availability and a low cost of acquisition, to make the elaboration the most general and repeatable as possible. The information not present in the databases, are acquired ex novo.
All information layers were included in a geographic database with coordinate reference system UTM ED50 zone 33.
The Italian Landslides Inventory, IFFI Project [20] was considered the starting dataset, which has been validated and integrated through field surveys, interpretation of aerial photographs and historical examination of the archives, obtaining a landslide distribution map at the 1:10,000 scale ( Figure 2) .
A total of 366 landslides were acquired, also including elements coded as high angle scarps subject to fall, Deep-Seated Gravitational-slope Deformations (DSGD), falls and debris flows. These areal elements were excluded from processing thus obtaining a dataset consisting of 159 landslides with a total area of 3.9 km 2 . The landslides involve mainly the carbonate platform, slope and basin succession (58%) and the flysch della Laga formation (29%). They involve marginally the marly-arenaceous formation of Miocene (5%) and debris deposits (8%). The most frequent types of movement are translational slides (30%) and complex landslides (27%) and the most extended landslide areas are flows (44%) and complex landslides (29%). Lithological features were derived from the Geological Map of Italy at 1:100,000 scale, that is currently the only official geological source of the national territory, pending publication of the New Geological Map 1:50,000 (CARG project).
The low quality of data is due to the low precision of the scale used for the geological survey and also to the lack of cartography update, dated 1955 [21] . Lithotypes with similar physico-mechanical properties were collapsed, e.g. the carbonate rock-like formation, defining 8 modalities: Quaternary deposits, consolidated Quaternary deposits, flysch deposits, marly limestones, marls and clay marls, limestone marls and clays alternation, stratified limestone and dolostones. Geographical distribution of the information layer is given in Figure 2 and Table 1 shows the geological description of the lithotypes.
The study area is one of higher seismic risk area of Italy. The seismic acceleration describes partially the real local seismic response, which depends for a completely description on many other parameters, not observed here.
The national dataset of the seismic hazard (in terms of PGA-Peak Ground Acceleration) is provided by the National Institute of Geophysics and Volcanology (INGV), published on the website http://esse1.mi.ingv.it/. The seismic hazard was evaluated for grid points with 10 km spacing and reference interval of 30 years [22] . The values are uniformly distributed (ranging from 22 g to 26 g × 100), growing from SE to NE (Figure 3(a) ).
The national digital terrain model (DTM) realized by the Military Geographic Institute (IGM) was obtained by interpolating the orographic data in order to produce a matrix with 20 m spacing. The continuous variable was discretized into 6 categories ranging between min = 449 m a.s.l. and max = 2150 m a.s.l. (Figure 3(b) ). From this information layer the slope, the aspect and the curvature of the study area was obtained, using the analysis tools in Arc Gis spatial analyst extension [23] [24] .
In Figure 3 (c) the distribution of the slope is shown. The values ranging from 0 to 75 degrees and the highest values are observed in the portion SW of the territory. Consi- The subdivision adopted involves the use of 4 classes each having an amplitude of 90˚ and therefore the subdivision is: 0 -90, 90 -180, 180 -270, 270 -360.
Curvature is the second derivative of the input surface on a cell-by-cell basis. Positive values indicate that the surface is upwardly convex at that cell; negative values indicate that the surface is upwardly concave; 0 indicates that the surface is flat. From an applied viewpoint, curvature can be used to describe the physical characteristics of a drainage basin (erosion and runoff processes): it affects the acceleration and deceleration or the convergence and divergence of flow. In the present study the curvature is subdivided in 3 parts to identify the slope as concave, flat or convex: −81/−1.50, −1.50/1.50, 1.50/66, respectively ( Figure 3(e) ).
The rainfall data, provided by many raingauge stations included in the Hydrological Yearbooks (available at the website: http://www.acq.isprambiente.it/annalipdf), were used to describe the rainfall height (h) as a function of their duration (t), by the following equation: h (mm) = a t n , where a is a variable depending on the return period and n is a constant for a given value of t. The analysis was performed using the Gumbel probability distribution [25] . The reference period is from 1970 to 2002. The rainfall duration are 1, 3, 6, 12 and 24 hours and the return period adopted is 30 years. The data were interpolated using the Ordinary Kriging geostatistic method, obtaining the map in Figure 3 
Mapping Units
The analysis was achieved by converting all the vector layer in raster layer with cell size equal to 20 × 20 m. The territorial units used are: cells (pixels) and UCU (Unique Condition Units) [26] [27] [28] .
The explanatory variables considered in the analysis are 9: the DTM, the aspect, the curvature, the flow accumulation, the land use, the pluviometry, the slope, the seismic acceleration and finally the lithology. Table 2 shows the absolute frequencies and percentages of the total, landslides and non-landslides pixels.
Unique Condition Units (UCU) are generated by combinations of the modalities of the 9 explanatory variables considered, by the map algebra functions of ArcGIS Spatial Analyst (ESRI), using the instrument "raster calculator". They are homogeneous domains of the territory, that is aggregation of pixels with the same values of the parameter set chosen as variables characterizing the territory itself [29] . To reduce the number of UCU, the Cramer's V statistics [30] was performed between each explanatory variables and the presence/absence of landslide.
The analysis showed that the variables lithology, DTM, slope, land use and aspect are more associated with the variable presence/absence of landslides, assuming the highest value of the index Cramer's V. Then, the UCU were redefined considering only these five factors, and so the unique code used was 
Statistical Analysis

Conditional Analysis
The conditional analysis was applied to unique condition map units to evaluate the probabilistic relationship between environmental factors and the occurrence of landslides in the considered study area [31] . The probability of landslide occurrence is calculated by the frequency of landslide, within each map units, as follow: where P is the conditional probability of landslide (Y = 1) given a certain combination of predisposing factors within the unit of the map (
The conditional analysis associates, for each UCU, a landslide susceptibility index (SI) calculated as the ratio between the number of pixels with landslides present in a UCU and the number of total pixels constituting the UCU itself, using the ArcGis spatial analysis "Zonal Statistics" tool.
The number of UCU with 0 landslide pixels are 2776 over 3644, corresponding to 76%, with a median size of 37 pixels per UCU (number of pixels for UCU: min = 1, max = 21,450, average = 228.56). There are 868 UCU with at least one pixel with landslides, with a median size equal to 369 pixels per UCU (min = 2, max = 16,413, average = 1021.90).
The conditional analysis results are shown in Table 3 , where the frequency classes for high susceptibility UCU with SI > 2.45 (threshold adopted in CF classification described later) are reported. We emphasize the following aspects: 1) Aspect: The modalities of this regressor not affect the phenomenon because the frequency distribution is uniformly distributed;
2) Land Use: The modality Forests (4) and Scrub and/or herbaceous vegetation (5) cover themselves almost 70% of areas of high susceptibility UCU, landslides developed in areas covered by vegetation;
3) DTM: Altitude up to 1100 meters is characterized by 85% of high susceptibility UCU. It is possible that the landslides occurring in high altitude are missing in the inventory; 4) Slope. As usual, the critical slope is between 10˚ and 40˚; 5) Lithology. The frequency of the modalities for the lithology variable are not extremely different, they are comprised between 9% and 18% with the exclusion of the modality Quaternary cemented deposits (6%).
The landslide susceptibility maps shown in Figure 4 (a) and Figure 4 (b) were realized using two different classification criteria which divided the territory into four susceptibility classes. The first is the JC classification algorithm, which optimizes the distribution of the classes, minimizing the variance within classes and maximize the variance between them.
The second is the CF method, which defines the limits between classes by constructing the success/prediction rate curves and use the ratio of effectiveness as an indicator of the validity of the prevision. . Each UCU was randomly divided in two subdataset, training (50% of the pixels) and testing (the other 50% of the pixels). The landslide susceptibility index was calculated on the training dataset and the UCU are ordered descending, accordingly. Two curves are plotted to assess the adaptation of the model to the data: the success and the prediction curves. The agreement between the two curves is measure of goodness of fit of the model ( Figure 5 ). If the model estimated on the training dataset is correct, the curves present strong gradients in the initial portion and the percentage of area with landslide predicted will be greater for the classes with greater susceptibility index. A trend according to a 45 degree line corresponds to a completely at random prediction and indicates that the portion of the area with landslide is constant for each area analyzed. The Figure 5 reveals that 10% of the areas classified as the most susceptible correspond to about 30% of the territory actually affected by landslide. The CF method defines two high discriminant classes: the higher one corresponding to a value for the ratio of effectiveness greater than 3; the lower one corresponding to a value less than 0.2. Two intermediate classes were defined in order to produce comparable susceptibility maps. The value which separates the two intermediate classes is fixed to 0.86 corresponding to a change in the slope of polyline (point B in the Figure 5 ).
Rare Events Logistics Regression
The logistic regression model associates the expected value of a dichotomous depen-dent variable to the values (or modalities) of independent variables, via logit transform. In the present framework, the statistical analysis based on logistic regression model, identifies predictors significantly associated with the presence/absence of landslides and provides the estimates of landslide probability as a function of the geological variables previously defined.
If it is denoted by P the probability of occurrence of a landslide for a pixel with x 1 , ···, x k geological features, the logistic model can be written as follow:
The probability of landslide for the Antrodoco region, is underestimated by the logistic model due to the proportion of pixels affected by landslide to respect pixels not in landslide, which is about 6 for 1000 (9840 pixels in landslide for 1,520,450 total pixels). This problem is addressed by a specific approach, named rare events logic regression, in some statistical and geological papers [28] [35] [36] .
The rare events logic regression by King and Zeng incorporates three correctives to the standard approach. The first correction concerns the sample: for each pixel affected by landslide, 5 non-landslides pixel have to be randomly sampled. The landslide pixels in the Antrodoco region are 9840, then 5 × 9840 = 49200 non-landslides pixels are randomly sampled and the total size of the sample is of 59,040 pixels. The sample is divided into two sub-samples in order to estimate and evaluate the model. The 80% of the pixels randomly sampled are the training sub-sample (47,232 pixels of which 7872 landslide pixels) and the remaining 20% of the sample is the test subsample (11,808 pixels of which 1968 landslide pixels). Fixing the proportion between landslide/non-landslide pixels requires the introduction of the two remaining correctives on estimating of the intercept and of the probabilities.
In particular, the correct intercept is calculated as:
where τ is the fraction of landslide pixels in the area (amounting to 9840 of 1,520,450, approximately 0.00647), y the proportion of landslide pixels in the sample and α the biased estimate of the intercept. Instead, the corrected probabilities of landslide are obtained as:
where the correction factor C i is added to the to the biased value of standard probability p  . The correction factor C i is a function of the probability p  , the vector of x and the covariance matrix of the vector of the estimators of the coefficient β [35] .
The rare events logistic regression on the Antrodoco data was computed with the relogit function of the Zelig library [37] in R [38] . The final model is the following: Table 4 the estimates of the regression parameters, their standard errors, the corresponding value of the test z and the p-values are reported. The reference modalities are not shown.
All the considered variables are highly significant (p-value < 0.01), with the exception of "rare vegetation" modality (6) for the variable land use. The results concerning the aspect variable suggest a weak north vs. south effect, with negative association for south-facing pixels (2 and 3) and positive association to the landslide probability for the north-facing pixels (1 and 4) . The land use variable shows a negative association for any significant modalities respect on the "urbanized areas" modality. Surprising, the results for the DTM variable suggests an increase in negative association between the probability of landslide and the increasing altitude, maybe due to the incompleteness of landslide inventory on the inaccessible sites higher located. The slope is positively associated with the phenomenon, strongly for the gradients between 30˚ and 75˚ (5, 6 and 7). Finally, for the lithology, the "Marls e clay marls" (5) is the strongest positive modality respect on the class of "quaternary deposits" (class reference 1), whereas "stratified limestone" (7) is the only negative one.
Receiver Operating Characteristic curve (ROC) for the test sample was used to evaluate the model. To this aim, for the 13,446 test pixels, predicted probabilities were computed and dichotomized using a grid of possible threshold values. For each threshold value, it was counted the number of the true positives (TP), i.e. the landslide pixels with a predicted probability greater than the threshold, the positives (P), i.e. total pixels with predicted probability greater than the threshold, the false negatives (FN), i.e. the landslide pixels with a predicted probability less than the threshold, and the negatives (N), i.e. total pixels with a predicted probability less than the threshold. ROC curves of Figure 6 are obtained plotting sensitivity (TP/P) and 1-specificity ( The threshold value for predicted probability maximizing sensitivity and minimizing 1-specificity is fixed to 0.008918, which correspond sensitivity = 0.70 and 1-specificity = 0.68.
Comparison between Models
In the preceding paragraphs two approaches for the analysis of data of Antrodoco were presented, one based on the conditional analysis and another on logistic regression model that produced for each UCU, i.e. for each combination of modalities of 5 regressors considered, the landslide susceptibility index and the logistic probability of landslide, respectively.
The operational requirement to differentiate four classes of susceptibility, involved the use of two methods of discretization of the continuous value of the estimated probabilities. In particular, the probability is estimated by non-parametric method, divided into four classes of susceptibility, using the JC method and that of CF approach, thus obtaining the two maps of Figure 4 (a) and Figure 4(b) . Instead, the probability is estimated by logistic model for rare events, divided into four classes by the same two methods of classification, providing the two maps shown in Figure 4 (c) and Figure 4(d) . Table 5 shows the percentages of total pixels and pixels affected by landslide represented by the four maps, classified according to the susceptibility for each of the four analyzes.
It should be noted that the spatial domain has been divided into 4 ordered categories of susceptibility for cartographic purposes only. In the following, the analysis will proceed making particular reference to the extreme classes, capable of characterizing more strongly the obtained results. The threshold that bisects the landslide probability of the logistic model for rare events, calculated from the ROC curve in order to maximize sensitivity and specificity at the same time, falls into medium-low class for both classifications. Considering the columns (a) of Table 5 , it can be seen that the susceptibility classes identified by the JC method seem to correctly describe the distribution of landslides in the territory, consisting of a high percentage of area with low landslide probability and a low percentage of area with high landslide probability, both for the conditional model, column (1a), and for logistic model, column (3a). For the latter, the difference in the distribution of the area in the four classes is particularly evident, changing by the JC classification to the CF one: the frequency distribution of the percentages shown in the column (3a) seems more realistic, due to the landslide rarity of the one shown in the column (4a). However, considering the presence of landslides in the area identified by the four susceptibility classes (columns (b) of the same table), it is noted that the number of landslides present in the areas classified in low and medium-low susceptibility, is much higher in the case of JC classes compared to those of CF, for both estimation models. In particular, for the conditional model, there are included in areas classified as low and medium-low susceptibility according to JC, the 50.1% of the landslides (column 1b), while in the case of the classification of CF (column 2b) only the 3.8% of the landslides are included. Even for the classification applied to the estimated probabilities using the logistic model, the percentages ranging from 70.7% of landslides in low and middle-low classes with low susceptibility according to JC algorithm, at 19.4% of landslides with the classification according to the method of CF.
Then, the method of JC seems to produce for the data, a classification less faithful than that obtained by the method of CF, for both methods. The probability, estimated by the conditional model with CF classification method, attributed low susceptibility to 83% of the pixels, which corresponds to 9.5% of those with landslide, while classifying 57.1% as high susceptibility for 9.4% of the area. For the probability estimated by the rare events logistic model, only 40% of the area is indicated at low susceptibility, among which are included 6% of the total pixels affected by landslide, while in the high susceptibility class are comprised only 39.4% of the pixels with landslide, in an area equal to 9.9% of the total.
Then, the conditional estimation method, especially in conjunction with the CF me-thod of classification, discriminates better between pixels with landslide and without landslide compared to logistic estimates with both classifications
Conclusions
Present paper aims to produce the susceptibility maps of slope instability at 1:50,000 scale of the Antrodoco area. This mapping scale is not a detailed scale on which perform territorial planning; however it reduces the costs of zonation and limits the specific engineering and geotechnical investigations only in high susceptibility areas. The information available was synthesized in 9 variables at the pixel level: DTM, aspect, curvature, flow accumulation, land use, pluviometry, slope, seismic acceleration and lithology. The continuous variables were appropriately discretized. Using the value of Cramer's V statistic, the 5 variables most associated with landslide presence were identified (lithology, DTM, slope, aspect, land use), determining a manageable number of UCU, i.e. group of pixels with same combination of variable modalities.
The probability of landslide, for each UCU, was estimated using two approaches: the conditional model and the rare event logistic regression model. The first compares the number of pixels affected by landslide to the number of pixels of the area (susceptibility index). Using this approach it is not necessary to make assumptions about the phenomenon; however the role of a singular regressor in the probability level cannot be assessed and it is not possible to evaluate standard errors.
The second approach provided estimates and level of significance for the association between each regressor and the landslide presence, using a logistic model adapted to the case of rare events. In this case, it is possible to evaluate the importance of each of them in determining the overall level of landslide susceptibility.
The predictive ability of the landslide probability obtained from the two approaches, was evaluated by the success-prediction curves for the conditional analysis, and by the ROC curve, for the logistic model. For both approaches, an acceptable predictive ability was attained.
The results show that morphological characteristics of the territory, as north-facing aspect and high slope gradient (values between 30˚ and 75˚), and physico-mechanical properties of lithotype (in particular marls and clay marls) are determinant factors for the landslide susceptibility.
The negative association between DTM variable and landslide presence is probably due both to the low quality of the data obtained from national public database (cell size 20 × 20 m), and to the incompleteness of landslide inventory on the inaccessible sites higher located.
The land use variable shows a negative association for any significant modalities respect to the "urbanized areas" modality showing a critical aspect for this category of land use.
The landslide probability was divided into four susceptibility categories (high, medium-high, medium-low and low), by two classification methods: the Natural Breaks algorithm, automatically implemented on GIS systems, and CF method. Four suscepti-bility maps were produced, applying the two classification methods to the both estimating models.
The map showing higher discriminant ability in explaining the distribution of landslide is obtained by conditional analysis in conjunction with CF classification method. In the case of susceptibility classes constructed by JC the ability of the method to identify the UCU with higher number of landslides, noticeably worsens. The observation remains valid in the case of susceptibility classes built starting from the probability of the logistic model, although the descriptive ability of the model has values less high than the previous one. Thus, the quality of the susceptibility map is dependent not only from the prediction model implemented but also from the classification method adopted.
